The psychological investigation of heroism is relatively new. At this stage, inductive methods can shed light on its main aspects. Therefore, we examined the social representations of Hero and Everyday Hero by collecting word associations from two separate representative samples in Hungary. We constructed two networks from these word associations. The results show that the social representation of Hero is more centralized and it cannot be divided into smaller units. The network of Everyday Hero is divided into five units and the significance moves from abstract hero characteristics to concrete social roles and occupations exhibiting pro-social values. We also created networks from the common associations of Hero and Everyday Hero. The structures of these networks show a moderate similarity and the connections are more balanced in case of Everyday Hero. While heroism in general can be the source of inspiration, the promotion of everyday heroism can be more successful in encouraging ordinary people to recognize their own potential for heroic behavior.
Introduction
Social psychology has relatively few empirical studies on heroism [1, 2, 3, 4, 5, 6, 7] . Recently, Kinsella et al. [4] have applied versatile methodologies on comprehensive samples to converge heroism into a scientific concept. To broaden previous analyses on heroism, we apply network theory. This approach is capable of finding patterns in the connections among elements in social representations.
The present study maps the social representations of Hero and Everyday Hero in Hungary by representing them as networks constructed from free associations. We identify modules of the networks and categorize the associations based on their topological positions in the association networks. In order to do that, we define global hubs as the most dominant associations of the whole social representation and modular hubs as the characteristic associations in the different modules. After assessing the two social representations, we analyze the overlapping set of associations.
We emphasize that our aim is not to rigorously define concepts like Hero and Everyday Hero (for such work see Kinsella et al. [4] ). What we are after is to observe how the perception of heroism changes when we make this distinction. In order to do that, we combine three theoretical perspectives: heroism as a social construct, social representation theory and network theory. In the following three subsections, we provide a short overview of these approaches.
Heroism
As we investigate heroism inductively, we concentrate on studies with a similar approach [2, 4, 5, 6 ]. Goethals and Allison [2] constructed the "Great Eight" of heroism based on bottomup categorization by independent coders. Sullivan and Venter [6] presented a list of hero characteristics sorted by the frequencies of occurrence in survey results. Rankin and Eagly [5] provided a list containing components of hero definitions gathered from study participants' responses. Kinsella et al. [3, 4] explored the social representation of heroism combining multiple methodologies, such as open-ended surveys, reaction-time tasks, surprise recall tasks and ratings scales. They also constructed the hero functions framework which consists of three hero functions: enhancement, moral modeling and protection [3] .
Inductive studies are exposed to several biases. The concept of heroism is shaped by larger cultural and historical contexts as well [1] . Furthermore, different social groups can have different heroes even in the same culture [6] . In addition to the cultural and social relativity, Sullivan and Venter [6, 7] showed evidence that study participants relate differently to heroes identified by themselves than to heroes identified by others, which highlights the functional significance of the "my hero" concept instead of heroes in general. Kinsella et al. [4] collected several herorelated concepts that are often merged with heroic narrative in the general discourse: leaders, role models, sport stars and celebrities. Franco, Blau and Zimbardo [1] also argued that the meaning of heroism might be overloaded with political and media influences. [1, 2] .
Farley [8] suggested a distinction between Big H Heroism and Small h Heroism on a theoretical basis. Big H heroism refers to outstanding acts that display prototypical heroism. They are possible only in rare circumstances and they require a high level of moral character or competence. Therefore, they are only accessible to a few people. Farley [8] suggested categories of Big H Heroism, such as Situational Heroism (once in a lifetime situations), Life-Long Heroism (constant effort in social issues) and Professional/"911" (as part of the job/career/ duty). Small h Heroism refers to small but challenging good deeds. Small h Heroism does not necessarily imply grand or exceptional moral character or abilities. It usually happens in everyday circumstances and goes unnoticed by the public. Thus, the possibility of experiencing such situations is much higher. Farley's distinction has already been applied in research but only in terms of Big H Heroism [9] . Other researchers created comprehensive taxonomies on heroism empirically [1, 2] .
Recently, social psychologists have highlighted the everyday aspects of heroism. Goethals and Allison [2] created a taxonomy based on the hero's social-influence that resulted in 10 types of heroes. One type is called Transparent Hero. These heroes are everyday heroes such as nurses, teachers, fire fighters and first respondents in emergency situations. Their achievements often remain unnoticed. Staats et al. [10] defined heroism by a set of traits that are measurable in everyday phenomena. In their study, the students who scored higher on personality measures related to heroic traits such as bravery, honesty and empathy also reported less intention to cheat in tests. This behavior benefits the community by accepting the rules and challenges of honest competition. Therefore, they considered these students as academic heroes. Davis, Brunette, Allison and Stone [11] also promoted a heroic narrative to help students overcome academic challenges. Zimbardo [12] has popularized the concept of everyday heroes. The educational program of the Heroic Imagination Project (http:// heroicimagination.org) trains ordinary people to perform extraordinary acts in challenging situations.
Social representations
Social representations are ideas, opinions and attitudes shared by a social group regarding a social object [13, 14] . Inductive social representation studies frequently apply free associations [15, 16] . Moscovici [13, 14] identified the figurative core of a social representation, based on which Abric [15, 17, 18, 19] developed the central core vs. periphery hypothesis.
The central core of a social representation consists of only a few and relatively abstract associations and has a pervasively influential role by defining the meaning of the whole social representation. The central core has three main functions, namely generating the meaning of the representation, influencing connections between other less important associations and stabilizing the representation under altering environments. Furthermore, the central core provides relevant norms, behavioral action plans and stereotypes in certain situations. Two representations differ if their central cores contain different associations.
In contrast with the central core, periphery associations constitute the largest part of the representation. Their meanings are relatively concrete. The periphery operates as an interface between the environment and the central core. The periphery is responsible for the concretization of the representation and gradual changes of the social representation start on the periphery.
Networks
Networks are used for exploring underlying relations in various datasets (e.g., innovation processes [20] , metabolic relations [21] , brain functional interactions [22] ). Every network consists of a set of objects, in which some pairs of objects are connected to each other. The objects are called nodes and the link between two nodes is called an edge. A network is undirected if the edges represent symmetric relations between the nodes. A network is weighted if values are assigned to the edges. The weight or even the existence of an edge between two nodes is determined by a predefined logical system [22, 23] . The node strength is the sum of weights attached to the edges of a given node.
Steyvers and Tenenebaum [24] showed that large semantic and association networks are scale-free. Scale-free networks have a small number of hubs (we refer to these hubs as global hubs). Hubs are nodes with outstanding number of edges in the network. Hubs are often defined based on an arbitrarily chosen threshold value considering the order of magnitude of node strengths in the given network [25, 26, 27, 28] . The rest of the nodes are peripheral nodes with significantly lower number of edges.
Many real world networks can be divided into modules. Modules are subunits of the system with much denser connectivity within themselves than between other regions of the network. The elements constituting a given module probably share similar properties regarding the analyzed phenomenon. [25, 29, 30] . Palla et al. [31] provided an example for a modular network of word associations starting from the word "bright". The network was divided into four modules: Intelligence, Astronomy, Light, and Colors. The word "bright" was connected to all of them but the modules revealed alternative meanings.
Material and Methods Participants
This research employed two nationally representative probability samples of 506 (in case of Hero) and 503 (in case of Everyday Hero) Hungarians aged between 15 and 75 years. The participants were selected randomly from an internet-enabled panel including 15,000 members with the help of a research market company in March 2014. For the preparation of the sample, a multiple-step, proportionally stratified, probabilistic sampling method was employed.
Members of this panel used the Internet at least once a week. 
Measures
The Research Ethics Committee of the Faculty of Education and Psychology of Eötvös Loránd University approved this study. All participants provided their written informed consent to participate in this study through a check-box on the online platform. In case of underage participants, parents (passive consent) were informed about the topic of the research. The ethics committee approved this consent procedure. Respondents volunteered for the study and they did not receive compensation for the participation. Furthermore, they were assured of their anonymity. Data was collected via an online questionnaire. Participants were informed about the content of the questionnaire (e.g., Hero, Everyday Hero).
We used an associative task based on Abric's [15, 19] theoretical underpinnings and on Vergès' [32] methodological (data gathering) assumptions. A respondent had to associate five words or expressions to one of the cues resulting in an individual representation. The cues were Hero or Everyday Hero. They can be differentiated on the following dimensions: range, publicity, challenge, prevalence and accessibility. These are described in Table 1 .
The instruction was: "Please, write 5 words which first come into your mind about Hero/ Everyday hero. Evaluate them on the following scale: negative, neutral, positive". The associations were not categorized. We followed Flament and Rouquette's [40] lemmatization criteria.
Setting up the networks
We algorithmically set up two networks which stand for the social representations of Hero and Everyday Hero in Hungary. To create such networks, we had to determine the nodes and the edges. We listed the different associations from the total set of associations to a given cue. The nodes represented these different associations. There was an edge between two associations if they were mentioned together by at least one study participant. The weight of an edge between two associations was equal to the number of times they were mentioned together. Therefore, the construction of networks was only directed by the co-occurrences of associations in the individual representations. More sophisticated methods are also available besides this relatively simple procedure. For example, it is possible to consider the rank order of the associations for each participant [15, 18] . In the present case, edge weights based on rank order would result in an arbitrary effect on our networks.
The method is similar to item-based recommendation algorithms [41] , in which an item (product, movie, book, etc.) is recommended to a user based on the general pattern of other users' preferences. When a user buys an item, the algorithm recommends other products that were purchased by previous users who were also interested in the same item [42] . Therefore, products frequently purchased together are strongly linked and often recommended, while weakly tied items are not. In our networks, the associations played the role of products.
The construction of the networks can be summarized in three steps:
1. Participants who mentioned the same association at least twice were deleted.
2. We determined the nodes. We ignored associations which occurred only once. According to Abric [15, 18] they belong to the far periphery and are not necessarily stable parts of the social representation. However, these elements constitute the major part of the representation. From a network perspective, these associations typically have only one connection, thus removing these links ensures a higher robustness of the network. These sparsely connected nodes can easily result in disconnected subnetworks which make the modular analysis more difficult. The removal of these nodes has no effect on the scale-free properties of the networks.
3. We determined the edge weight between every pair of associations, which was equal to the number of times the two associations were mentioned together. A strong edge between two associations meant that they were frequently mentioned together in the individual representations, while the absence of an edge referred to the complete separation of the two associations on the individual level.
The above-described process was applied to the Hero and Everyday Hero associations separately, thereby resulting in two weighted and undirected networks. After removing subjects mentioning the same association more than once, the number of subjects was 474 in case of Hero and 481 in case of Everyday Hero. After removing associations that occurred only once, the number of different associations was 222 in case of Hero and 210 in case of Everyday Hero. Accessibility Hero is associated with special abilities or extraordinary character.
Everyday Hero is not associated with special personality traits or outstanding abilities.
The total number of associations was 2006 in case of Hero and 1899 in the case of Everyday Hero. Further analyses (calculating scale-free properties, calculating modularity, finding global and modular hubs) were carried out on these reduced datasets. We constructed common association networks for the two social representations. In this case, the nodes are the associations present in both the Hero and Everyday Hero networks. The edges and the edge weights are determined with the same method as in case of the social representation networks. Therefore, the common association networks are subnetworks extracted from the social representation networks.
Scale-free topology and modularity
The scale-free topology of a network refers to the power-law function that the probability distribution function (P(x)) of the node strength (x) follows:
where α is the scaling parameter [43] . The scaling parameter typically lies in the range 2 < α < 3 [44] .
The power-law distribution of the normalized node strengths were tested separately for the Hero and Everyday Hero networks. The Maximum Likelihood Estimation fitting model determined the scaling parameter (α) of the power-law function and the minimum node strength (X min ) for which the power law holds. For statistical comparison, datasets were generated with the same parameters (X min and α) as the empirical datasets. According to the null hypothesis of the Kolmogorov-Smirnoff test, the generated dataset has the same distribution as the empirical dataset. Following Clauset et al. [44] we determined the significance level as .1. This means that we considered our networks scale-free if p>.1 (for the applied toolbox and a more detailed description see: http://tuvalu.santafe.edu/~aaronc/powerlaws/ [44] ).
We investigated the modular organization of the association networks. In order to do that, smaller subnetworks (modules) were decomposed from the entire networks and the modularity value (Q) was calculated. It is given by the following formula:
In this formula, N is the number of modules, L is the total sum of edge weights in the network, k s is the sum of edge weights in module s, and d s is the sum of the node strengths (the sum of edge weights belonging to a certain node) in module s [45] . A modular structure of a network with a high value of Q must comprise many within-module links and as few as possible between-module links. The Louvain algorithm [46] with fine-tuning [47] was applied to identify the modular partition with the highest possible modularity. The resulting modular structure can change run by run [46] . Therefore, we applied the algorithm for 10,000 independent iterations and we chose the partition with the highest modularity value.
We examined the hierarchical relationship between the resulting modules by applying a hierarchical agglomerative clustering technique. Two clusters are merged in each iteration based on the maximal modularity criteria between the i th and (i-1) th community structure of the network (for details see [45] ). The construction of the complete dendogram can mark the cohesive modules of the social representation even if the difference between the modularity values of the i th and (i-1) th partitions is negative.
Degree-, weight-, and strength-preserving randomization [48] was applied to generate 4999 independent null models (random networks) for the social representations of both Hero and Everyday Hero. The modular organizations of the two social representation networks were tested by comparing their maximal modularity values to the corresponding random networks. We applied a nonparametric statistics (one-sided) to test whether the modularity value of the social representation networks differed from that of the random networks (for detailed description see: [49] ). The significance level was defined strictly, which means we rejected the null hypothesis if the social representation network's modularity value was always higher than the corresponding random networks' modularity value.
Normalization of node strengths
Normalized node strengths and normalized intramodular node strengths [25] were calculated. These characterize the importance of each node in the whole network and within its module, respectively. The normalized node strength of node i is determined as:
where K i is the node strength of node i, K is the average node strength in the network. Nodes with normalized node strength > 2.5 were classified as global hubs of the network. The normalized intramodular node strength of node i is:
where K i is the intramodular node strength of node i (sum of all edge weights between node i and all the other nodes in its own module, S), K S i is the average intramodular node strengths of all nodes in the module. Nodes with normalized intramodular node strength > 2.5 were classified as modular hubs of the network.
The network construction and analysis were carried out in Matlab 7.9.1 software. All of the applied network parameters are available at https://sites.google.com/site/bctnet/. ForceAtlas2 layout algorithm [50] (Implemented in Gephi 0.8.2) was used for visualizing the networks.
Results
The number of negative associations in both social representations was negligible. It was 100 out of 2510 in case of Hero and 81 out of 2510 in case of Everyday Hero. Most of them occurred only once and thus they were removed from the networks. We ignored the valences of the remaining associations.
Scale-free properties (scaling parameter (α), minimal normalized node strength (X min ), pvalue of the line fitting) were determined for the Hero and Everyday Hero networks. In case of Hero, we found α = 2.15 from X min = .312. In case of Everyday Hero, we found α = 2.21 from X min = .8. In the range determined by X min , the normalized node strength distributions showed a power law distribution (p(Hero) = .11, p(Everyday Hero) = .5). The log-log plots of the scalefree properties can be seen in Fig 1. The modularity value of the Hero network (Q = .19) was not significantly higher than the corresponding modularity values of the null (random) models (p = .19; mean = .17; standard deviation = .027). In case of Everyday Hero, the modularity value of every (4999) independent null model was lower (p < .001; mean(random) = .15; standard deviation(random) = .013) than the modularity value calculated for the social representation network (Q = .26). These results showed that the Hero network was non-modular and the Everyday Hero network was modular. The visualization of the networks can be seen in Fig 2 We identified the global hubs of the Hero and Everyday Hero networks (Table 2) . Hero is a network in which "brave" has an outstanding number of connections and it is followed by a couple of weaker global hubs. The global hubs of Hero are predominantly abstract values ("brave", "self-sacrificing", "strong", "helpful", "selfless", "endurance", "honest", "daring" and "sacrifice"). Among the global hubs of Hero, three concrete nodes appear: "warrior", "rolemodel" and "savior". Everyday Hero also has both abstract and concrete global hubs. The concrete global hubs ("fireman", "ambulance man", "mother" and "doctor") are roles and occupations associated with heroism. The abstract global hubs ("helpful", "brave", "selfless", "selfsacrificing", "endurance", "modest", "modest", "honest", "mindful", "love", "kind" and "emphatic") are associations expressing heroic values.
In case of Everyday Hero, we identified five modules. We labeled each of them based on their modular hubs resulting in the following: Prototypical Hero module, Everyday Context module, Pro-social Heroism module, Ordinary Heroism module and Heroic Roles module (Table 3) . Prototypical Hero and Pro-social Heroism belong to a superordinate group while Everyday Context, Ordinary Heroism, and Heroic Roles form another group (see the dendogram in Fig 2) . Ordinary Heroism is a homogenous subnetwork and its nodes are relatively weakly tied. The only association that has node strength close to the threshold is "mere". We calculated how many concrete social roles and contexts are present in the social representation of Hero. We found that 38 out the 222 nodes (17.1%) were occupations (e.g., doctor, fireman, etc.), social roles (e.g., warrior, savior, etc.) or concrete characters (e.g., superheroes, historical figures, etc.).
Structural differences of the common associations
We gathered the common associations of the two social representations and created two networks from them representing either Hero or Everyday Hero (Fig 3) . The number of common associations was 85. The list of common associations is available in S4 File. A moderate correlation (r < .58, p < .001) was determined for the edge weights connecting the same nodes in the common association networks. In case of Hero, the majority of the edges are connected to "brave" with dominant links to "strong" and "self-sacrificing" (see in Fig 3A) . In case of Everyday Hero, the dominant edges are more balanced between "helpful", "selfless", "self-sacrificing" and "brave" and even the less important edges seem to be more homogenously distributed (see in Fig 3B) . All modules of Everyday Hero were present among the common associations (the quotient of the number of participating nodes from a module and all nodes of the module expressed in percentage) as follows: Prototypical Hero module: 55%; Everyday Context module: 32%; Pro-social Heroism module: 40%, Ordinary Heroism module: 40%; Heroic Roles module: 26%. The global hubs of the original networks were among the nodes of the common association networks except for "warrior" in Hero and "empathic" in Everyday Hero. Prototypical Hero module, Pro-social Heroism module and Ordinary Heroism module overlap to the highest degree with the social representation of Hero. These modules contain abstract heroic values and characteristics. Everyday Context module and Heroic Roles module are present in lower proportion among common associations. They are more concrete in terms of content. They contain social roles, occupations and social contexts.
Discussion
Both social representations consist of only positive associations, which means that both Hero and Everyday Hero generate positive first impressions. The uniformity of valences also supports our assumption that a cue activates one cognitive schema and the first five associations are derived from it. In case of both networks, we identified their global hubs. We applied Abric's [15, 18] central core vs. periphery approach as a theoretical framework which is consistent with our knowledge of hubs in scale-free networks [43, 51] . Beyond the network interpretation of the classical Abric [18] model (central core of the social representation = the set of global hubs), we determined the modules and their modular hubs, which represent socio-cognitive patterns in the social representations based on Wachelke's theoretical assumptions [52] .
Global hubs in the Hero and Everyday Hero networks
In case of Hero, our findings are in accordance with central and peripheral features provided by Kinsella et al. [4] . The social representation of Hero can be summarized as a collection of abstract values and characteristics. Although certain situations lead us to develop a heroic narrative [2, 53] , our findings imply that it is difficult to determine what exactly makes someone a hero. This is present in the lack of well-defined boundaries with other related terms, such as celebrities, sport stars, role models and martyrs [1, 4, 53, 54] . The three concrete elements, "warrior", "role model" and "savior" fit into the heroic prototype of several studies (altruism plus risk, rescuers) [35, 36, 55] In the present data, the social representations of Hero and Everyday Hero cannot be divided in the same manner as Farley separated Small h and Big H Heroism [8] . The social representation of Everyday Hero shares some of the prototypical heroic characteristics ("brave", "self-sacrificing", "endurance") with Hero, which relates it to Big H Heroism. Even its concrete elements can be associated with subcategories of Big H Heroism [8] such as LifeLong Heroism ("mother") and Professional/"911" Heroism ("fireman", "ambulance man", "doctor"). However, the emphasis moves from the Big H Heroism theme ("brave", "selfsacrificing", "endurance") to the Small h Heroism theme ("helpful", "selfless", "modest", "mindful", "love", "kind").
Both social representations have global hubs that refer to accessibility and prevalence. The global hubs of Hero express less specific expectations, which stems from the more abstract contents. Among the global hubs of Everyday Hero, there are more specific ordinary social roles and occupations, which refer to high accessibility and common prevalence. The "everyday" context also restricts the interpretation of heroism by concretizing it, which makes Everyday Hero more distinctive from other hero-related concepts, such as celebrities, sport stars, role models and martyrs [1, 4, 53, 54] .
Concerning the publicity dimension, several global hubs of Everyday Hero are occupations or ordinary roles that imply the lack of publicity, which is in line with Goethals and Allison's [2] Transparent Hero type. The Hero network does not have global hubs expressing that publicity is a necessary characteristic.
The global hubs of Hero are too abstract to apply the range dimension. The ordinary social roles and occupations in Everyday Hero imply actions that have only a local effect. However, numerous roles and occupations are present and they often refer to Life-Long Heroism and Professional/"911" Heroism [8] . Therefore, it is important to consider their cumulative impact on society.
Hero and Everyday Hero cannot be differentiated on the dimension of challenge. Both have "self-sacrificing" as a global hub. None of them have other global hubs that define the magnitude of the physical risk or social sacrifice more precisely.
In sum, the abstract elements in the Hero network have a broad range of interpretations. Therefore, it is difficult to compare them to the concrete, social role and occupation-related connotations in the Everyday Hero network.
Modular hubs in the Everyday Hero network
Several scholars suggested multiple categories for heroism [1, 2, 8] . Hence, we expected that Hero would have a modular structure that could be interpreted in accordance with prior categorizations. However, the Hero network is non-modular. Contrary to Hero, the social representation of Everyday Hero includes five modules: Pro-social Heroism, Prototypical Hero, Heroic Roles, Everyday Context and Ordinary Heroism (Fig 2) . In the Hero network, a large proportion of the nodes express social roles, occupations or social contexts. However, they are not organized into modules. This means that the presence of similar elements does not guarantee that they will form coherent units in the structure of the social representation. Next, we describe the modules of the Everyday Hero network.
The modular hubs of Pro-social Heroism are "helpful", "selfless", "self-sacrificing", "modest", "kind", "mindful" and "love" ( Table 3 ). The hubs of this module vary in a broad spectrum from simply being kind to being ready for self-sacrifice. This module emphasizes the sociocentric mindset behind everyday heroism instead of an egocentric one [1] . Furthermore, this module shows high resemblance with the moral modeling function defined by Kinsella et al. [3] .
The modular hubs of Prototypical Hero are "brave", "endurance", "honest" and "strong" (Table 3 ). This module contains internal, personality-related characteristics that are genuinely heroic. They refer to high competences or abilities [2] . This module overlaps to the largest extent with the social representation of Hero (see the details below). This module is in line with the enhancement function defined by Kinsella et al [3] .
The modular hubs of Heroic Roles are "fireman", "ambulance man", "doctor", "policeman" and "mother" ( Table 3 ). The hubs of this module can be interpreted in the light of the protection function in the hero functions framework [3] . However, in this case the protection function is embedded in predefined social roles. On the basis of Franco et al. [1] , these elements can be differentiated regarding the type of social sacrifice or physical risk.
The modular hubs of Everyday Context are "work", "successful" and "family" (Table 3 ). This module can highlight the local contexts in which everyday heroism is exhibited. It seems that family and work might be strongly connected themes in the social representation of everyday heroism, which is in line with Goethals and Allison [2] and Allison and Goethals [53] .
Ordinary Heroism does not have any modular hubs (Table 3 ). This facet of heroism can grasp the ordinary nature of heroic acts, which is related to accessibility, transparency and reward-independency revealed in previous research [1, 2, 8] .
Common associations in the Hero and Everyday Hero networks
Numerous common associations imply a similar meaning in social representations [16, 17] . The common associations can reflect the most important heroic contents that do not change even if the context is altered. However, we can also use them to capture differences in social representations as the common associations can have different structural positions in the two social representations. The correlation of edge weights in the common association networks shows that there is indeed a difference in the patterns of connections.
Abric [15, 17, 18, 19] argued that the central core elements are the stable parts of the social representations in altering environment. We found that most of the global hubs of both association networks are among the common associations. However, the global hubs of one association network do not necessarily have the same importance in the other one, which shows that a change in the context (like adding "everyday") can significantly overwrite the hierarchy.
These findings point out the relevance of connections in understanding how the meaning emerges from the elements of the social representation. For example, we argue that bravery in connection with strength and self-sacrifice refers to a different connotation than bravery in connection with helpfulness, selflessness and self-sacrifice. While the first version implies a rescuer behavior, the other one implies a milder form of heroism such as standing up for someone in an offending situation.
Limitations
In case of continuous associations, a couple of problems emerge such as retrieval inhibition or response chaining [56, 57] . Retrieval inhibition happens when subsequent associations are produced with the same cue and retrieved information blocks new information. Response chaining happens when participants produce associations based on a previous response instead of the cue. It is not entirely presumable how strong the effect of a given response is on the next one. Association chaining and retrieval inhibition might influence the association process in individual cases but we hope that in a large dataset all significant layers of a given social representation eventually appear. Furthermore, chaining effect and retrieval inhibition can be reduced if the number of associated words is limited, which is the case in our study [56, 57] .
Previous studies demonstrated that the order of associations matters: first associations tend to be stronger than the next ones [56, 57] . In the present study, we rejected the integration of the order into the network analysis, because we could not determine a non-arbitrary network weighting solution for the phenomenon. Therefore, we have considered all associations equal.
We supposed that our cues activated complete cognitive schemas. Hence, we considered a person's associations as a coherent unit. It is also possible that a person's associations are derived from different cognitive schemas. Nonetheless, a person's associations are definitely connected by the fact that they are produced by the same person, so the construction of a network in itself is a valid step. However, the exact relations of a person's associations are yet to be clarified.
It is also important to note that there are many algorithms for detecting modules in a network (for a review see [58] ). It is also possible that there are algorithms that suit social representations better. For example, free association networks could be analyzed using overlapping modules [31] .
Future research
In Abric's [15] central core vs. periphery hypothesis, the mean rank is also an important factor. The mean rank depends on the order of an individual's associations. Several studies on associations argued that the order of associations matters [15, 52, 56, 57, 59 ]. The order is in connection with response chaining and retrieval inhibition as well. In the future, it would be interesting to develop a more refined edge weighting system that incorporates the order of associations.
Abric [15, 17, 18, 19] argued that changes start from the periphery of the social representation and they gradually reach the central core. However, the propagation of information in complex networks is determined by the central nodes rather than the peripheral ones [60, 61] . A future study could observe how new information is incorporated into social representations from a network perspective.
Free associations provide a limited insight into social representations. With this method, we do not have knowledge about the context of a given association, which means that we do not know how it relates exactly to the social representation. A solution to this problem could be to extract data with better consideration of the context using data-mining techniques [62] . For example, short texts can be processed and the key expressions can be transformed into a network. This provides more freedom for study participants to express themselves.
The sizes of the present datasets might not show the real power of network analysis. Algorithms can be employed efficiently even in case of millions of data points, which enables us to enlarge the data virtually without limits.
Conclusion
In this study, we explored the social representations of Hero and Everyday Hero in Hungary. This research is a starting point of a long-term research project which aims to provide guidelines for motivating everyday heroic acts in communities. Everyday Hero has more concrete contents which are mainly present in Heroic Roles, Ordinary Heroism and Everyday Context modules. In case of both Hero and Everyday Hero, the abstract values and characteristics are in accordance with previous inductive studies [2, 4, 5, 6] . Changing the topic from "hero" to "everyday hero" resulted in not only a different content but it created an entirely new network structure i.e., different global hubs (central cores), modular organization and more balanced connections of heroic contents. While heroism depicts doing something extraordinary in an abstract manner, everyday heroism implies just doing the right thing and it points out the ordinary roles, occupations and contexts in which the heroic values can be exhibited. Great heroes are truly inspirational. However, we suppose that encouraging individuals to behave heroically in their everyday lives can be more efficient if we approach heroism in a concrete and realistic manner. S5 File. Minimal data set for Hero. This is the English translation of the raw data. We translated from Hungarian to English only those associations which occurred at least twice. (XLS) S6 File. Minimal data set for Everyday Hero. This is the English translation of the raw data. We translated from Hungarian to English only those associations which occurred at least twice. (XLS)
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